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ABSTRACT
Peer influence and social contagion are key denominators in the adoption and participation of
information spreading, such as news propagation, word-of-mouth or viral marketing. In this study,
we argue that it is biased to only focus on the scale and coverage of information spreading, and
propose that the level of influence reinforcement, quantified by the re-exposure rate, i.e., the rate
of individuals who are repeatedly exposed to the same information, should be considered together
to measure the effectiveness of spreading. We show that local network structural characteristics
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significantly affects the probability of being exposed or re-exposed to the same information. After
analyzing trending news on the super large-scale online network of Sina Weibo (China’s Twitter) with
430 million connected users, we find a class of users with extremely low exposure rate, even they are
following tens of thousands of others; and the re-exposure rate is substantially higher for news with
more transmission waves and stronger secondary forwarding. While exposure and re-exposure rate
typically grow together with the scale of spreading, we find exceptional cases where it is possible to
achieve a high exposure rate while maintaining low re-exposure rate, or vice versa.
Keywords Social network · Information spreading · Social reinforcement · Exposure rate · Re-exposure rate
1 Introduction
Online social media is fundamental to the lives of billions of people all over the world, generating and sharing opinions,
news on a massive scale. It meets the need for information acquisition, communication, entertainment through the
integration of users’ social circles in life and work, with the ability to create and share content in a frictionless manner.
Studies of information spreading have focused so far on strategies for optimal coverage [1, 2, 3, 4, 5], including selection
of seeds, identification of the most efficient or influential spreaders, etc. Meanwhile, less attention has been given to the
problem of information redundancy. Given the abundance of information, and the ease of sharing it, people are exposed
repeatedly to the same information, arriving through different routes within their social networks. Recently, albeit, in a
limited manner, the issue has been recognized as problematic. For example, a survey by Reuters of 1,300 corporate
managers showed that information redundancy results in delays in making important decisions, and ultimately, results
in lower job satisfaction[6].
However, information redundancy may have positive effects. Improving re-coverage, and not only the coverage of a
target audience is essential for the marketing of both products and ideas. With the increased resistance to traditional
forms of advertising, marketers have turned to more organic forms of information propagation, and viral marketing
through social networks with the holy grail of “going viral” or becoming a meme [7]. Seeding strategies have been
studied frequently in word-of-mouth (WOM) programs, and positive WOM is considered a powerful marketing medium
for companies to influence consumers [8]. Studies have shown that mutual referrals between users can affect the user’s
preferences, thereby increasing a consumer propensity to purchase [9, 10]. It was reported that 92% of consumers
believe suggestions from friends and family more than advertising, and beyond friends and family, 91% of people trust
online reviews written by other consumers as much as they trust recommendations from personal contacts [11, 12].
When users are recommended by their friends one or more times, their psychological and behavioral outcomes may
vary widely. Ref. [13] found that an individual is more likely to exhibit the sharing behavior when multiple friends
share, even if she does not necessarily observe her friends’ action. Ref. [14] find that individual adoption was much
more likely when participants received social reinforcement from multiple neighbors in the social network when they
investigate the effects of network structure by studying the spread of health behavior through artificially structured
online communities. Other studies also show that social reinforcement played a crucial role in the online spreading of
practices [15, 16, 17].
We extend existing models and empirical efforts in the study of information spreading by adding a new dimension—the
re-exposure rate. This measures the number of users who have been repeatedly exposed to the same information, and
thus the redundancy of the information propagation process. We first approximate the redundancy probability of a node
in the propagation process and show how the network structure plays a significant role in determining the information
redundancy. Next, we investigate trending topics on a popular Chinese microblogging platform (Sina Weibo), with 430
million connected users, to validate factors on the likelihood of being exposed to the same message from multiple peers,
including the number of followings and followers, the length of re-posting waves, and secondary re-posting, etc. Finally,
we develop a simple but effective spreading strategy which could achieve near (minimum or maximum) re-exposure
rate given a fixed exposure rate. From the managerial perspective, our findings provide constructive support for the
control of redundant information on online social platforms.
2 Definition of exposure and re-exposure rates
On most social media platforms, such as Facebook, Twitter, etc. [18], information redundancy is often described as
repeated forwarding of news, posts or tweets, with a high frequency of repetition. For example, the ALS Bucket
Challenge has gone viral in 2014, which was an online effort to raise awareness for people with Amyotrophic Lateral
Sclerosis (ALS) disease and to raise funds. One of the reasons why this campaign became viral is that participants
were asked to challenge minimum three persons to take the challenge, which create a viral loop. People shared their
behaviors by posting videos, commenting and liking this topic, over 17 million people participating in the challenge
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Figure 1: (A) An example of redundancy on social media. (B) A schematic chart for users who are exposed and users
who are re-exposed by an information spreading process. (C) The agreement between the analytical value of node
redundancy and the experimental value under different propagation models, including Random walk model and (D) SI
model. The color and size of each circle is proportional to the goodness of fit (the distance between the mean value and
the standard line).
worldwide and raise 11.4 million dollars in a span of just eight weeks. The craze has been spread quickly, resulting in
users observing the same information when it was shared by different sources on their personal social networks, as
illustrated in Fig. 1A.
In the process of information spreading, the nodes can be divided into two categories (Fig. 1B). The “exposed nodes”
are those with at least one of its friends posting the information; and the “re-exposed nodes” are those with two or more
of their friends posting the same information. Let G = (V,E) be the network with V = |N | being the number of nodes
and E being the set of links, let A = aij be the adjacency matrix with aij = 1 if vi and vj are connected, i.e., i can
see updates posted by j, and aij = 0 otherwise. Let ε(i) indicates the state of node, where ε(i) = 0 indicates state S,
which stands for the status that the node has not posted the information; and ε(i) = 1 indicates state I, which represents
that the node has posted the information, such that it can influence its friends of type S to become type I. We define:
ψ (i) =

0,
N∑
j=1
aijε(j) < 1
1,
N∑
j=1
aijε(j) ≥ 1
(1)
to indicate whether individuals i has any type I node among his social network; and use ξ(i) to indicate whether i is
repeatedly exposed to the same information, i.e., has more than one type I friends:
ξ (i) =

0,
N∑
j=1
aijε(j) < 2
1,
N∑
j=1
aijε(j) ≥ 2
(2)
Then the exposure rate (Rexp) and re-exposure rate (Rre) of the network is defined by the proportion of exposed nodes
and re-exposed nodes, respectively.
Rexp =
N∑
i=1
ψ(i)
N
(3)
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Figure 2: (A-C) The effect of degree , (D-F ) clustering coefficient and (G-I) depth on information exposure and
re-exposure rate with 100 times simulated spreading on three empirical networks. The black line represents the mean
value of each group of data.
Rre =
N∑
i=1
ξ(i)
N
(4)
3 Results
3.1 The analytics of exposure and re-exposure rates
We use random walk [19] and branching process [20] (see SI Appendix, section I) to model the spreading of information
on social networks and approximate Rexp and Rre based on the probability of visiting each node (see SI Appendix,
section II). Network data and experimental design are presented in SI Appendix, section IV. We can see that the
theoretical value of Pri (the probability that individual i becomes a re-exposed node) agrees well with the experiments,
most of the scatters fall near the standard line (Fig. 1C-D). Apart from this, as expected, we find that the degree of a
node is positively correlated with Rre, i.e., nodes with a large number of friends are more likely to get re-exposed to the
spreading information. In the following sections, we also analyze the impact of other network structural parameters on
Rexp and Rre.
3.2 Influence of network structure on information redundancy
The correlation between node degrees and exposure rate (Rexp), re-exposure rate (Rre) when the information spreads
to 20% of the network nodes are presented in Fig. 2A-C We can see that, in agreement with the analytical results, a
larger degree is positively correlated with a higher likelihood of exposure and re-exposure rates. In all three empirical
networks, nodes with a larger number of personal social connections are more likely to have access to new information
(exposed) and are more likely to be repeatedly exposed.
While the degree of each node is essential as a driver of both exposure and re-exposure, it does not capture the depth of
the relationship between nodes, and their likelihood information is going to be propagated on these links. The “strength
of weak ties” hypothesis argues that a network with many “long ties” spreads social behavior farther and more quickly
than a network in which ties are highly clustered [21, 22, 23], and strong ties among family members and close friends
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Figure 3: (A-B) Correlation between nodal in-degree, out-degree and exposure rate , (C-D) re-exposure rate of 50
trending topics in 2017 on Sina Weibo. Each curve represents a unique news item and the region between 211 to 213 are
colored grey to highlight the lack of coverage and redundancy for commercial nodes and bot-supported-nodes in this
region. (E) The number of re-posts , (F ) exposure and (G) re-exposure rate change with the depth of re-post path for
the 50 trending topics, respectively. The re-exposure∗ rate measures the ratio of re-exposed nodes out of all the exposed
nodes. Grey and colored curves represent type I news and type II news, respectively.
are more likely to be activated for information flows and are also more influential than weak ties [24]. In addition,
communities play an important role in information diffusion and adoption, as users are associated with their like-minded
users, redundant transmission pathways and additional recommendations from peers can substantially increase the
likelihood of re-posting or re-sharing [25, 14]. Therefore, clustering and community structures may create redundant
transmission pathway, which in turn may limit the reach of information spreading. On the other hand, if a piece of
information is repeatedly broadcast among the same group of interconnected users, we will see the emergence of an
echo chamber, and a polarization behavior, as we indeed observe lately.
The information spreading process can be characterized by the depth of re-post chains, with a re-post node of depth w
being w − 1 waves away from the seed node [26]. In Fig. 2G-I , we present the correlation between depths of re-post
chains and exposure rate, re-exposure rate when the information spreads to 20% of the network nodes. However, there
is a notable difference for the relationship between Rexp and Rre: in Facebook and Wiki-vote the Rexp and Rre grow
faster than on Deezer. This can be attributed to the small average nodal degree in Deezer, which results in slower
diffusion. Apart from this, while there is a constant gap (20% to 30%) between Rexp and Rre, however this gap is
not prominent on the Facebook network, which means clustered networks have more redundant ties, and high level of
clustering will better promote the diffusion of behaviors.
3.3 Observation of information redundancy on a large-scale social network
3.3.1 Network structure and Rexp, Rre
For the 50 most trending topics spread in Sina Weibo, we were able to map the comprehensive trajectory of each in the
global network which contains 430 million active users and 51.8 billion links (see materials and methods). We then
calculate and compare the nodal in-degree (Fig. 3A-B) and out-degree with exposure or re-exposure rate (Fig. 3 C-D).
We can see that in general both in-degree and out-degree are positively associated with Rexp and Rre, for certain groups
of nodes with higher in-degree and out degree, the highest Rexp can reach 37% and 90%, and Rre can be as high as
17% and 78%, respectively. There are however distinct difference between the pattern of in-degree and out-degree.
While both Rexp and Rre do not increase significantly with the number of followers, they increase sharply with the
number of people they are following.
Surprisingly, we find a sudden drop in Rexp and Rre for nodes with out-degrees in the region of (211, 213], indicating
that nodes in this region have a substantially different local network structure compared to “normal” users. This
phenomenon is mainly attributed to two reasons: first, users in this range may act with different purposes than an
ordinary user. Following such a high number of users, which is above the two thousand people platform limited (above
which a user has to apply for a special permit) may indicate a different motivation; second, these users may also be
automated accounts or bots who randomly follow a large number of socially distant peers. We discuss this specifically
in SI Appendix, section V.
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3.3.2 Depth of spreading and Rexp, Rre
The trajectory of transmission imposes constraints on the coverage of information spreading. Investigation the
relationship between the depth of information diffusion and the number of re-posts reveals that the 50 popular news
posts can be divided into two categories (Fig. 3E). For the first category (type I), the number of re-posts declines with
the depth of the information propagation trajectory; There are, however, noticeable fluctuations during the spreading
process for the second category of news posts (type II). Another notable difference is that the maximum depth of type
II news is 17, while it is only 6 for type I news. In a close examination on the content of these news, We find that
the type I news are initially posted by influential users on the platform, e.g., pop stars, renowned scientists, famous
writers, etc. These news posts are typically about advertising or personal promotion and the first wave of re-posting
can accounts to 80% of all sharing activity. Thus, the spreading of type I news is mainly due to the short relay of an
influential micro-blogger’s massive followers. On the other hand, the type II news are initially posted by less influential
users, but they strike the right emotional chord with audience, contains valuable or attractive information, which means
that the news may be re-posted by only a small number of initial followers, but it has the possibility of being forwarded
deep into the network, and become viral when it has been re-posted by influential users.
The difference of the transmission pattern of type I and type II news is clearly shown in Fig. 3F -G. For a given level of
coverage rate of Rexp, there is no significant difference between type I and type II news, which has reached up to 13%
of the nodes in the network, i.e., 56.3 million users have seen the most populated news shared by their friends. However,
among the exposed nodes, type II news have a substantially higher ratio of re-exposure rate, at the end of spreading,
about 20% - 30% of nodes exposed to type II news have seen the same story more than one time. Interestingly, this
ratio decreases to 0% - 15% for type I news. Also, we can observe that the growth of exposure rates and the modified
re-exposure rates along the length of re-post waves are significantly different. While the Rexp and Rre of type I news
increases smoothly until reaching a steady state with more waves of transmission, for type II news both Rexp and Rre
are boosted by secondary sharings at particular stage, i.e., when some influential users have re-posted the news. This
phenomenon can be illustrated by visualizing the transmission trajectories of two sample news (Fig. S2). While the first
is populated due to the massive number of immediate re-posts from the pop singer’s followers, the second story spreads
slowly at the beginning and only becomes viral when a super-connected user has forwarded it.
Based on our results, we can explain why some trending news are not known to most people, while others may flood
our screens: the information with a strong tendency of being spread is more likely to enter the public view, rather than
produced by paid posters (groups of internet ghostwriters paid to post online comments). This can be attributed to
strong stimulation and reinforcements between users, resulting in significant re-exposure.
3.4 Comparison of information diffusion strategies
The above simulation results and empirical observations thus indicate that the effectiveness of information propagation
can be substantially different through different patterns of transmission, as well as along users with unique local personal
network structures. We compare the proposed CN strategy (see Materials and methods) with random walk (RW), in
which the information starts from a seed node and at each step propagates randomly to a friend of the current publisher,
and targeted “delivery” strategies, in which a set of nodes are selected according to specific criteria, e.g., top degree
(TD), to investigate the performance of different policies on the exposure and re-exposure rate in information spreading
(Fig. 4C-E). In all empirical networks, the CN-max policy can produce the highest Rexp for the given exposure rate.
Particularity, in the Deezer network, Rexp of CN-max reaches 15% higher than the next best strategy (RW). On the
other hand, the CN-min strategy produces much lower Rexp for any given Rre. In addition, it is worth noting that
the global strategy of TD has a very different performance in the three networks: for a broad range of Rexp < 45%,
the re-exposure rate Rre can be restricted close to zero, which means that when using the most connected nodes to
disseminated information without propagation, almost no one can see the information repeatedly even when half of
the nodes have this information visible in their social networks; the TD strategy has low performance in the Deezer
network, however, in the Wiki-vote network, the performance of TD is vary similar to CN-max, that for any given
exposure rate, it produces almost the highest Rre.
Furthermore, the different performance of TD strategy on three networks implies that this strategy strongly depends on
the structure of networks, in contrast to the relatively robust performance of the RW, CN-max, and CN-min strategies.
It is clear that the community structure of the Facebook network is the main reason for TD to achieve a high Rexp with
low Rre, as the information posted by the most connected nodes are scattered in weakly connected communities, hardly
to form mutual visibility for producing redundancy (Fig. S3).
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Figure 4: Information diffusion based on common neighbor strategies. (A) The CN-max strategy spreads information
along links with the largest number of common neighbors. (B) The CN-min strategy disseminate information along
links with the minimum number of common neighbors. (C) to (E) shows exposure and re-exposure rate of information
spreading under different propagation strategies.
4 Discussion
In this study, we have extended the traditional research of information spreading models by considering the coverage
(exposure) and multiple influences (re-exposure) simultaneously. We show that the network structure, as well as the
transmission pathways, are critical for the two metrics to be optimized. Generally, users with more connections in the
network tend to be associated with a higher probability of getting overwhelmed with popular information, and that
clustering and community structure prohibits long transmission waves while keeping social reinforcement effect strong.
We have also identified a few representative strategies which may be implemented to minimize or maximize repeated
exposure. We believe that many of the behavioral patterns we see emerge on social networks, both positive and negative
ones are driven by the fact that exposure and re-exposure rate demonstrate different characteristics. In fact, one may use
the different re-exposure rates to identify and better segment types of information and kind of influencers.
The rapid development of online social media has brought tremendous changes to business operations. The widespread
popularity of online social media has enabled marketers to gradually reduce the dependency on traditional media outlets
and instead use word-of-mouth as a method to motivate users to disseminate information. On the other hand, controlling
information overload and duplication are also goals for platforms to improve user experience and maintain platform
activity. Although these contradictory goals can be optimized under the principles and strategies proposed in this study,
it is, however, essential to keep in mind that the cost should also be taken into account for further implementations.
5 Materials and methods
5.1 Network data
We use four empirical online social networks for the investigation of the impact of structural parameters and pattern
of transmission on the exposure and re-exposure rate of information spreading, including the dataset of Facebook,
Deezer, Wikipedia-Vote and Sina Weibo. The statistics of these networks are listed in Table S1 and descriptions on
these datasets are presented in SI Appendix, section III.
5.2 Approximation of the individual exposure and re-exposure probability
Consider a random walk on G, the visitation probability of each node Pi, can be derived by the equilibrium of a Markov
process with a transition matrix based on the adjacency and degree of nodes in the network [27]. It can be verified
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that, when the network is undirected and connected, the probability of forwarding the information at each node is
asymptotically proportional to its degree [28], i.e., Pi = di/
∑
N
j=1dj , where di is the degree of vi. After n steps, we
can approximate the probability Pri that vi becomes a re-exposed node is:
Pri = Pci − C1nµiαn−1i − δi (5)
where Pci is the probability that vi is an exposed node, µi and αi are the probability that exactly one neighbor of
vi posts information and any neighbor of vi do not post information at the initial step, respectively(see SI Appendix,
section II). δi is the part of being repeatedly calculated when only one neighbor around vi posts information:
δi =
di∑
l=1
n∑
t=2
[CtnPkl
t(1− Pkl)n−t
di∏
m=1,m 6=l
(1− Pkl)n] (6)
5.3 Information diffusion strategy
More redundant ties better promote the diffusion of behaviors across large population [29]. A competing hypothesis
argues that when behaviors require social reinforcement, a network with more clustering may be more advantageous.
This hypothesis predicts that clustered-lattice networks have more redundant ties. Therefore, we develop an advertising
delivery strategy, which uses the common neighbors (CN) indicator [30] to design the path of information dissemination
(Fig. 4A-B). The CN indicator is defined as follows: For a node vx in the network, defining its neighbor set as Γ(x),
the similarity of the two nodes vx and vy is defined as their number of common neighbors:
CNxy = |Γ(x) ∩ Γ(y)| (7)
The number of common neighbors is equal to the number of paths between the two nodes with length two, i.e.,
CNxy = (A
2)xy. In the spreading process, we then allow the information either traverses along the links with the
minimum (CN-Min) or the maximum (CN-Max) number of common neighbors, to achieve different redundancy rate
while keeping the coverage fixed.
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Supplementary Information
I. Random walk and branching process
In a random walk, the information spreads from a seed node. In each subsequent step, it is re-tweeted by a randomly
selected friends of the ancestor node. In addition, we consider the scenario that at each wave of transmission, the
information can be forwarded by more than one friend. We herein adopt the widely used SI model, in which each node
in the network can be in either the S state or the I state [31, 32]. When a node has seen the information shared by its
friends, it will, with probability β adopt and re-tweet this information. To approximate the reality that the information
shared by each users’ friends updates quickly, such that one will not consider whether or not to post an information
back and forth, we assume that each node will make only one decision on re-tweeting when the information appears in
its social network at the first time it observes the information, and the state of the node will not be affected and changed
in subsequent propagation.
II. Approximation of the exposure and re-exposure probability
Consider a random walk on G, the visitation probability of each node Pi, can be derived by the equilibrium of a Markov
process with transition matrix B [33, 34, 27, 28]:
PTB = PT (8)
in which:
B =

0 a12/d
o
1 · · · a1N/do1
a21/d
o
2 0 · · · a2N/do2
...
...
. . .
...
aN1/d
o
N aN2/d
o
N · · · 0
 (9)
where doi is the out-degree of vi. Eq. 2 indicates that P is the eigenvector for eigenvalue 1 for B
T . It can be verified
that, when the network is undrected and connected, Pi = di/
∑
N
j=1dj is the sulotion of Eq. 1, i.e., under random walk
model, the probability of forwarding the information at each node is asymptotically proportional to its degree. When
the number of branches at each step is small, the branching process can also be approximated by the model presented
here, as illustrated in [27, 28].
With the visitation probability Pi, denote K = {K1,K2, · · · , kdi} be the serial number of the current neighbors of vi.
At step n = 1, the probability ci that node vi is exposed can be written as:
ci = 1− (1− pi)
 dj∏
l=1
(1− Pkl)
 (10)
where αi =
∏dj
l=1 (1− Pkl) is the probability that any neighbor of vi does not share the information. After n steps, the
probability Pci that vi is an exposed node can be approximated by:
Pci = 1− (1− ci)n −
n∑
t=4
2 (n− 1)nt−3 + (n− 1)2 nt−4(t− 3) (11)
similarly, at step n = 1, the probability ri that vi is a re-exposed node can be calculated by:
ri = 1− ci −
di∑
l=1
Pkl di∏
m=1m6=l
(1− Pkl)
 (12)
where µi =
∑di
l=1
[
Pkl
∏di
m=1,m 6=l (1− Pkl)
]
is the probability that exactly one neighbor of vi posts the information.
After n steps, the probability Pri that vi becomes a re-exposed node is:
Pri = Pci − C1nµiαn−1i − δi (13)
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where δi accounts for the repeatedly calculated part when only one neighbor around vi posts the information:
δi =
di∑
l=1
n∑
t=2
[CtnPkl
t(1− Pkl)n−t
di∏
m=1,m6=l
(1− Pkl)n] (14)
III. Data collection
The Facebook dataset was collected from survey of participants that use Facebook. The data contains for each user, the
“circles” or “friend list”, which is then used to construct a social network with 4,039 nodes and 88,234 links [35].
Deezer is an Internet-based music streaming service which was created in Paris and it has 14 million monthly active
users. This data was collected in November 2017, containing the friendship networks of users from a European country.
The network includes 41,773 nodes and 125,826 links [36].
In order for a user to become an administrator, the Wikipedia community via a public discussion or a vote decides who
to promote. Wiki-vote contains all the voting history data from the Wikipedia till January 2008. A directed edge from
node i to node j represents that user i voted on user j. The network includes 7,115 nodes and 103,689 links [37].
Sina Weibo is the most popular twitter-like social media platform in China. By using a fast web-crawling framework
and elaborately designing the crawler, we obtained the network structure of 430 million users until 2017, including the
number of users’ followings and followers. The network includes 430 million (432,908,953) nodes and 51.8 billion
(51,862,490,000) links. We crawled a randomly set of selected popular news posts of Sina Weibo platform in the second
half of 2017, and the number of forwardings ranges from 10,000 to 100,000. According to the data set, we are able to
construct the trajectory data for news re-posting/re-tweeting based on the current user’s re-post time and the re-post
identifier “@”.
IV. Simulation setting
To evaluate the validity of Pri, we implement both a simulated random walk and branching processes on BA networks
with size N = 10, 000 and average degree < d >= 4. In each simulation, the seed node is randomly chosen. The
spreading is continued until half of the nodes in the network have re-posted, i.e., become state I.
Before the examination of exposure and re-exposure rate of real-life information spreading on Sina Weibo, we implement
the aforementioned branching process to examine the effect of network structure parameters. On Facebook, Deezer, and
Wiki-vote, simulated information is disseminated until about 20% of the nodes in the network have re-tweeted. Proper
transmission probability β ⊆ (0, 0.3)is selected to guarantee the effectiveness of the spreading, i.e., the information
won’t die out before reaching the desired outbreak scale. For each network, the simulations are repeated 100 times.
V. Correlation between nodal degree and information redundancy on Sina Weibo
There is a surprisingly drop of Rexp and Rre for nodes with degrees in the region of (211, 213] when we analyze
the correlation between network structure and Rexp, Rre, indicating that nodes within this region have substantially
different local networks in comparison to “normal” users. This phenomenon can be attributed to a variety of reason,
including the limit of 2,000 (set by the platform) for the number of people each ordinary user can follow, and it may
also be caused by automated accounts or bots who post or repost message repeatedly.
First, on Sina Weibo, there is a limit of 2,000 for the number of people each ordinary user can follow. If a user needs to
follow more than 2,000 people, an official application and certification process is required by the platform. As Sina
Weibo has become one of the most active online social media, it has also been used as a popular marketing channel in
recent years. Companies and self- employed marketers are increasingly engaged in Sina Weibo for advertising and
product promotion. In the hope of being following back, achieving good publicity and promotion effects, their accounts
usually follow a large number of unknown users. However, due to the lack of social networking property, i.e., most of
followers who belong to users in the region of (211, 213] do not know each other, the pathways of information spreading
can hardly pass along the social circles of such accounts, leading to extremely low exposure rate and re-exposure rate.
Secondly, we find that both Rexp and Rre are the lowest in the region of (211, 213] while the nodal degree shows two
peaks at out− degree = 4, 143 and out− degree = 4, 607. This phenomenon is attributed to automated accounts or
bots who post or re-post message repeatedly. A deeper investigation also reveals that their active time concentrated
in the early mornings. This phenomenon coincides with the latest research, such as Zakaria et al. which presents an
analysis of the impact of automated accounts, or bots, on opinions in a social network. They find a small number of
highly active bots in a social network can have a disproportionate impact on opinions [38]. It is suspected that the
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2016 U.S. presidential election was the victim of such social network interference, potentially by foreign actors [39].
Social bots played a major role in spreading articles from low-credibility sources [40]. All of these findings indicate
that the increasingly “anthropomorphic” bots in social networks have gradually become a part of social users. From the
managerial perspectives, this finding can provide some constructive comments on the control of redundant information
on online social platforms such as strengthen the control of the automated accounts and bots. Owing to the fact that
there is a limit of the number of influential users (such as pop stars who was verified by Twitter, influential, and with
numerous followers). While the number of users’ followings reaches 10,000 or more, this kind of users are easily
covered by popular information and to be exposed or re-exposed.
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Table S1: Basic statistics of the four empirical social networks, which have N nodes and M edges. < d > is the
average degree. dmax is the maximum degree. < c > represents the average clustering coefficient.
Network N M 〈d〉 dmax < c >
Facebook 4,039 88,234 43 1,045 0.6055
Deezer 41,773 125,826 6 112 0.0912
Wiki-Vote 7,115 103,689 28 1,065 0.081
Sina Weibo 432,908,953 51,862,490,000 120 19,860 0
Figure S1: Visualization of information diffusion in scale-free networks with different global clustering coefficient. (A)
C=0.184; (B) C=0.718. The networks are configured with N = 1,000 and D = 4; the size of spreading is about 300.
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Figure S2: Illustration on the distinct transmission pathways of type I and type II news on Sina Weibo. (A) A type I
news which was published initially by the famous Chinese singer Gloria Tang (G.E.M. the large node in the middle),
when she participated in the show “I am singer”; (B) A type II news which was published by a less influential node (the
lower large node) and get forwarded by an influential user Aaron Yan.
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Figure S3: Visualization of the Facebook network.
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